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Scene Text Detection Based on Learning Active Center Contour Model

XIE Binhong,QIN Yaolong,ZHANG Yingjun
(School of Computer Science and Technology, Taiyuan University of Science and Technology , Taiyuan 030024, China)

[ Abstract] In the field of scene text detection, there are several problems such as missing small text and insufficient
precision for large text and multi-scale text boundary detection errors caused by large text size fluctuation.To solve the
above problems, a scene text detection network based on a Learning Active Center Contour(LACC) model is proposed.
First, the Multi-scale Feature Weight Fusion(MSWF) model is constructed on the basis of a Residual Network (ResNet)
to extract multi-scale features and fuse weights-of the input scene text images. Then the final feature fusion map is
calculated to adapt to the situation where the aspect ratio of the scene text changes significantly.Finally the feature fusion
map is then input into the LACC model to predict the center point and boundary of the text box, which provides rich
prior knowledge for scene text detection. to solve the problem of boundary detection errors caused by multi-scale text
detection boxes containing too many.backgrounds or partially enclosing text. Experimental results on MSRA-TD500,
IC13, IC15 and ICI7MLT datasets show that this network can improve the accuracy of text detection in multi-scale
scenarios.The F-measure on MSRA-TDS50 datasets is 0.83, which is 1% higher than the MSR method.The F-measure on
IC13 datasets is 0.91, which i§:2% higher than the PixelLink network.The F-measure on IC15 datasets is 0.87, which is
1% higher than PSENet.The F-measure on IC17MLT datasets is 0.74, which is 1% higher than TridentNet.

[Key words] scene text detection; multi-scale feature extraction; weight fusion;active contour model; Learning Active
Center Contour(LACC) model
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Fig.1 Scene text detection network based on learning active center contour model
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Table 1 Ablation experiment result of multi-scale

feature weight fusion model

1C13 %4 4 1C15 %4 4
R P F R P F

08 245 215 44

ResNet50+FPN 092 087 089 084 087 085
TridentNet™" 0.93 0.88 090 085 0.88 0.86
ResNet50+MFWF  0.93 0.89 091 0.86 0.87  0.87

3.4.2 2] gl b B B X 19 2% 1 BE 14 R R
F 5 5 6 235 SR Uk W], SO 458 2K vR Kl i 4 JH T LA
P i KRB 2y JE R FAR KR I O PERE . O T B4



250 Computer Engineering

R TR 202243 H 15 H

b 565 90 A SCHR 19 24 1 A6 B g, AR SCSE 56 T o fi
FHASTR] (4 458 2% o B, 78 MSRA-TDS500 %45 4 T #E 17
I3 5K 98 HiE 27 2] 32 3l A0 8 B B (LACC Model)
Xof o 45 G BE ) B S o R AR I 2% A R R
FHAS [ 9 451 2% ek 8000 0l R A7 SE 36, 92 B 45 2R ok 2
B s CRLIA R S L (8D | i 2~ 8l b oo R R s
A% F L1 Loss £ SmoothL1 Loss, F {8 43 % 2 7}
49 F1 2% , BEWIAS SCHE H 19 27 2] 32 5 v 58 J A 280 )
DA G i 4G I 37 557 SCAS Y 10 9, 9 o A DM 1P E o

F2 FIEFHFOREEAEMIEER

Table 2 Ablation experiment result of learning active

center contour model

12K R R P F
L1 Loss 0.85 0.74 0.79
SmoothL1 Loss"* 0.87 0.75 0.81
LACC Model 0.88 0.78 0.83

35 R LS

ASCFZEFAT T LAT I 1 0 LR

1) 22 ROBE SCAR K 52 55 . AR 367 MSRA-TD500
B A b XA R 2 AT Tt DA g ik H A I 22 R
JESCARE ST o A SEH 73 Bl GTX1080Tix2 1> GPU
B I 7 WP L Ny 7 L A v ol
B, HARSE 3k 3 s CHAR R S 1) . 1
MSRA-TD500 %% 4 % I 4 S04 W 2 A1 3 F
TextSnake 4 [0] 43 S TI 5% ; M4 F Lyu et al i #ff
AL TF 2% ; A%L T dicilr 77 7% MSR 1 TridentNet J7 %
FAE 53 9 328 TH 1% F1 1% o F 1 AT LA R A SR 246 1
1 2 A 0] A0 BT R o A O A R ot
A 4 2545 8 b F AR @ T OB 5 IE T AR 3
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Table 3 Detection results on MSRA-TD500 dataset

VRS R P F
SegLink(2017)1*" 0.87 0.70 0:77
East(2017)!"") 0.87 0.67 0.76
PixelLink(2018)!"*! 0.84 0.73 0.78
TextSnake(2018)1! 0.83 0.74 0.78
RRD(2018) 0.87 0.73 0.79
Lyu et al(2018) 17 0/88 0.76 0.81
MSR(2019)!"! 0.87 0.77 0.82
TridentNet(2019)" 0.86 0.78 0.82
ARSI 0.88 0.78 0.83

TR LA 5 VR AT B, FL AR S S 3% 4 i m ORI
TR mMAE) . LA KU A ICI3EHE4E LA
SCHE R 2% A 48 T CTPN |, TextBoxss Fll SSTD, 43 [i]
LA EETE 10% . 10% F1 7% ; 158 T R2CNN, #E 1 2%
P& Tt 6% ; 4 T f i J7 5 PixelLink #1 TridentNet J7
e, FAE A A TE 2% 1% H e Al DLAS H AR SO
3 1] 23 0 B AR A T K ER 70 A O i 4 ot
H2 AR SO B A SR AR 3 F CTPN IR A7 42 71, it
RIAE T : CTPN J7 i fiff B 17 K 3 3 ) 2 A2 455 780 4 341
CF BT A ABA OO IR LR A T8 A FAE T OB
T ER T AR SO A R . 7E1CTS Bdis 4E b
AR J5 YA 8 F CTPN I SSTD, A [1] 3 43 5] 4% T
12% FI. 6% 5 48 28T EAST F R2CNN, # ) 42 T+ 7%
F1 7% 3 A% F Hi¢ It 7 15 TridentNet #l PSENet, F {1 43
SIEETE 1% A0 1% H 06 AT LA AR S vk o s
FE ]340 & K o AT 7 vk A e It i HL AR
U7 IR SR A AR A FAA & T 5508 O ik U BRAR ST ik
AT DAAR AT i R I 22 1) 9 303 5 SO
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Table 4 Detection results on IC13 and IC15 dataset

‘ 1C13 Budi 4 1C15 B4k 42
VRS
R P F R P F
CTPN(2016)® 0.83. 0.93 088 074 052 0.6l
TextBoxss(2016)"” . 0.83 0.88  0.85 — — —
SSTD(2017)!"" 0.86. 0.88 0.87 080 074 0.77
EAST(2017)!" + — — 086 080 083

R2CNN(2017)® 0.94 0.83 0.88 085 080 083
PixelLink(2018)"  0.88 0.89 0.89 0.83 0.82 0.82

PSENet(2019) 4 — — — 084 087 086
TridentNet(2019)" 093 0.88 090 0.85 0.88 0.86
RICH 3 093 0.89 091 086 087 0.87

2) 2 J7 In] BE SCSCA K I SE G . AR SCAE IC 13 A
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Table 5 Detection results on IC17MLT dataset

ViReS R P F
SCUT_DLVClab1(2017)>" 0.55 0.80 0.65
FOTS(2018)" 0.58 0.81 0.67
AF_RPN(2018)P" 0.66 0.75 0.70
PSENet(2019)!"¥ 0.69 0.75 0.72
TridentNet(2019)12" 0.71 0.75 0.73
A CT7 ik 0.72 0.76 0.74

6 HA T 5 H T W RRE 4 58 45 K )
PixelLink fl = X %% J5 ¥ TridentNet 75 45 4 4 1 1C
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Table 6 Representative detect results of different methods on each dataset
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